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ABSTRACT

RENEWABLE ENERGY SYSTEM DESIGN AND
OPERATIONAL PLANNING FOR DEMAND

FULFILLMENT

Gülin Yurter

M.S. in Industrial Engineering

Advisor: Ayşe Selin Kocaman

Co-Advisor: Emre Nadar

August 2024

Renewable energy sources have gained prominence in reducing the dependency

on fossil fuels and minimizing their negative environmental impacts. Considering

renewables’ uncertain and variable nature, an effective design and operational

planning of hybrid energy systems is key to success in clean energy transition.

We study the optimal design and operational planning problem of hybrid energy

systems involving a renewable energy source and a storage unit. We first develop

two-stage stochastic mixed-integer programming models to determine the optimal

sizing and investment decisions for solar/wind farms co-operated with pumped

hydro energy storage facilities in decentralized areas. We then utilize a Markov

decision process to find the optimal energy generation and storage decisions for

decentralized grid-connected wind farm-battery systems with demand-fulfillment

obligations. This is a novel study that compares several pumped hydro energy

storage configurations with respect to optimal sizing decisions for system compo-

nents and allows for uncertainties in electricity price, wind speed, and electricity

demand for optimal operational planning. Using real-life data and considering

economic benefits, we demonstrate how the renewable energy systems should be

designed and managed to mitigate the adverse effects of uncertainties in matching

supply with demand.

Keywords: Renewable energy, hybrid energy systems, energy storage, demand

fulfillment, stochastic programming, Markov decision processes.
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ÖZET

TALEP KARŞILAMA İÇİN YENİLENEBİLİR ENERJİ
SİSTEMLERİ TASARIMI VE YÖNETİMİ

Gülin Yurter

Endüstri Mühendisliği, Yüksek Lisans

Tez Danışmanı: Ayşe Selin Kocaman

İkinci Tez Danışmanı: Emre Nadar

Ağustos 2024

Fosil yakıtlara olan bağlılığın ve onların çevreye olan olumsuz etkilerinin

azaltılması adına yenilenebilir enerji kaynakları önem kazanmaktadır. Bu kay-

nakların belirsiz ve değişken doğası göz önüne alındığında, hibrit enerji sis-

temlerinin tasarlanması ve yönetilmesi, temiz enerji dönüşümünde başarının

anahtarıdır. Bu çalışmada, hibrit enerji sistemlerinin en uygun tasarımı ve

yönetimi konusu bir enerji depolama sistemi ile birlikte çalışan bir yenilenebilir

enerji kaynağı üzerinden incelenmektedir. Öncelikle, iki aşamalı stokastik karışık

tamsayılı programlama modelleri kullanılarak merkezi olmayan bölgede pompaj

depolamalı sistemle birlikte çalışan güneş/rüzgar çiftliği için en uygun boyut-

landırma ve yatırım kararları ele alınmaktadır. Sonrasında, bir Markov karar

süreci kullanılarak rüzgar çiftliği ve bataryadan oluşan merkezi olmayan bir

bölge için talebin karşılanması ve en iyi üretim ve depolama kararlarının bu-

lunması amaçlanmaktır. Bu özgün çalışma, çeşitli pompaj depolamalı sistemleri

bileşen boyutları açısından karşılaştırmakta ve elektrik fiyatı, rüzgar hızı ve elek-

trik talebindeki belirsizlikleri operasyonel planlamaya dahil etmektedir. Gerçek

veriler kullanılarak ve ekonomik katkılara odaklanılarak, yenilenebilir enerji sis-

temlerinin arz ve talep eşleştirmesindeki belirsizliklerin olumsuz etkilerini nasıl

azaltabileceği gösterilmektedir.

Anahtar sözcükler : Yenilenebilir enerji, hibrit enerji sistemleri, enerji depolama,

talep karşılama, stokastik programlama, Markov karar süreçleri.
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Yurter and Uğur Yurter. Their unconditional love, understanding, and support

have been the foundation of everything I have achieved. This thesis is dedicated to
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Chapter 1

Introduction

The use of fossil fuels increases greenhouse gas emissions and threatens the

achievement of Sustainable Development Goal 7 (SDG7) that has been set to

“ensure access to affordable, reliable, sustainable, and modern energy for all”

[2]. Renewable energy sources like hydropower, wind, and solar provide cleaner

alternatives to fossil fuels in addressing the problems mentioned above. However,

the transition from fossil fuels to renewable energy sources presents a significant

challenge due to the intermittent and variable nature of renewables. For example,

the solar energy production depends on solar irradiation that varies during the

day and is affected by weather conditions like cloud cover or air quality. Similarly,

the wind energy production hinges upon wind availability and wind speed that

can change rapidly and are difficult to predict. When there is less sunlight or

wind, the renewable energy output can drop significantly, leading to energy sup-

ply shortages and obstructing consistent and reliable energy supply (i.e., the grid

instability). The periods of overproduction as well as underproduction may arise

from the variable output of renewable energy sources, placing a burden on energy

management systems and causing inefficiencies. Consequently, the renewable en-

ergy systems can sometimes be unreliable and in certain situations unsustainable,

making it difficult to achieve the SDG7.

The system flexibility is mandatory to ensure reliability and sustainability.
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The energy storage systems are introduced to provide this flexibility [3]. In such

systems, the energy balance is consistently maintained, and the system quality

and efficiency are fortified when there is energy storage [4]. According to Peng

et al. [5], storage and renewables can be substitutes when meeting peak demand,

and understanding these effects would allow the decision-makers to optimize their

investment and operational planning decisions for energy systems. Kaushik et al.

[6] provide an overview of recent developments in commercial renewables, hybrid

energy resources, storage units, and energy management strategies. Considering

the necessity of transition from fossil fuels to renewables and the need for storage

to mitigate the anticipated challenges, this thesis combines two studies: one on

the design problem and one on the operational planning problem for renewable

energy systems with storage units.

The first study considers a pumped hydro energy storage (PHES) system that

can be installed in various configurations depending on the specific geographi-

cal and hydrological conditions. Closed-loop PHES systems are off-stream and

have no natural inflow to the system. However, open-loop systems are on-stream

and have natural inflows to the upper and/or lower reservoirs. In this study,

we develop two-stage stochastic programming models for various PHES configu-

rations to investigate how the choice of PHES configuration impacts the sizing

decisions and costs of a hybrid system that includes a renewable power generator

co-operated with PHES. Our numerical results show that using a PHES facility

instead of a conventional hydropower system reduces the expected system cost

and mismatched demand significantly. Open-loop PHES facilities perform better

than closed-loop PHES and seawater-PHES facilities, dramatically lowering the

need for fossil fuels in demand fulfillment. The most cost-efficient PHES config-

uration is when there is natural inflow to the upper reservoir. Using solar energy

instead of wind as the renewable source significantly increases the requirement

for larger upper reservoirs in on-stream open-loop PHES facilities, while reducing

the expected system cost for all configurations.

The second study considers the operational planning problem for a wind farm
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co-operated with a battery in a decentralized grid-connected region. In this set-

ting, the system operator has the primary obligation to fulfill the decentralized-

area demand. The energy required to meet the demand can be generated from

the wind farm and/or the battery. The system operator can purchase energy

from the market if the available energy is insufficient to meet the demand. The

system operator can also sell and purchase energy for energy arbitrage purposes.

We model the uncertainties in electricity price, electricity demand, and wind

speed, formulate the problem as a Markov decision process (MDP), and solve it

using a backward dynamic programming algorithm. Our results show that the

substitution effect among different system components provide flexibility in the

system design choice: Different system configurations may yield similar revenues

with different operational implications. The impact of demand-fulfillment obli-

gation on revenues is more significant for small systems. The absence of wind

energy generation may render the energy arbitrage gains insufficient for positive

cash flows. We also examine the value of including uncertainties in our setting

and observe that uncertainty modeling plays a more critical role under renewable

energy scarcity.

This thesis makes two significant contributions to the literature. First, we

present a comprehensive comparison of various PHES configurations by focusing

on the streamflow uncertainty via two-stage stochastic mixed-integer program-

ming models and determining the optimal component sizes of different system

configurations. Second, we address the energy generation and storage problem

for renewable energy system operators by considering the decentralized grid-

connected wind farm-battery setting with demand-fulfillment obligation and em-

ploying the MDP methodology to effectively incorporate the price, demand, and

wind uncertainties.

The outline of this thesis is as follows: Chapter 2 considers the PHES de-

sign problem with two-stage stochastic mixed-integer programming formulations.

Chapter 3 considers the wind farm-battery operational planning problem with an

MDP formulation. Chapter 4 provides a concluding summary.
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Chapter 2

The Impact of Pumped Hydro

Energy Storage Configurations

on Investment Planning of

Hybrid Systems with Renewables

2.1 Introduction

In recent years, renewable energy sources have received significant attention so

as to reduce reliance on fossil fuels and mitigate their negative environmental

impacts. Nearly two-thirds of the global power capacity additions are for wind

and solar [7]. However, given the intermittent nature of these sources, it is neces-

sary to support them with efficient and flexible storage systems to enhance their

reliability. One such solution is pumped hydro energy storage (PHES), which

stands out as one of the most widely adopted large-scale storage technologies

to address the intermittency challenge of renewable sources [8]. PHES systems

pump water to an elevated reservoir to store any available excess energy. This

stored energy can be retrieved by releasing water from the upper reservoir to a

lower one. Thanks to its superior environmental and financial performance when
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compared to many other storage technologies, PHES has emerged as one of the

most commercially viable storage options [9] and accounts for 96% of the global

power storage capacity [7].

Figure 2.1: Installed PHES capacity from 2010 to 2021 (GW) [1].

The global installed capacity of PHES systems has shown a rapid increase in

the past decade and has reached 130 GW in 2021 [10]. Figure 2.1 exhibits this

trend from 2010 to 2021. The distribution of the rated PHES capacity across

different regions of the world can be observed in Figure 2.2. The rapid expansion

of PHES capacity in recent years has been accompanied by a significant increase

in regional disparities. According to the International Renewable Energy Agency

(IRENA), Asia currently has the highest PHES capacity in the world with a

rated power of 72 GW, followed by Europe and North America with capacities

of 28 GW and 22 GW, respectively. Africa and the Middle East lag far behind

with capacities of 3.2 GW and 1.5 GW, respectively [1]. IRENA also reports

that China leads the world with a capacity of 36 GW, followed by Japan with a

capacity of 22 GW [1]. In North America, the United States has a capacity of 22

GW, while Canada lags behind with a capacity of only 177 MW [1, 11]. Although

Canada is the world’s fourth-largest hydropower generator with a capacity of 81

GW as of 2019, its PHES capacity is limited [10].

While conventional hydropower remains of great interest globally with a ca-

pacity of 1360 GW in 2021 [10], the PHES systems have been gaining importance

5



Figure 2.2: Global PHES capacity distribution [1].

due to their potential to reduce the use of nonrenewable resources and improve

load-balancing and resource allocation [12]. The growth trend of PHES systems

is expected to continue as this technology becomes more widely recognized as a

valuable tool for energy storage and grid stabilization. The PHES systems are

typically classified into two primary types based on geographical conditions and

natural water availability: open-loop vs. closed-loop [13]. Open-loop PHES sys-

tems rely on natural water inflow to supply upper and/or lower reservoirs, while

closed-loop PHES operations are independent of the natural water inflow. In this

chapter, we develop two-stage stochastic programming models for various PHES

configurations to investigate how the choice of PHES configuration impacts the

sizing decisions and costs of a hybrid system that includes a renewable source

co-operated with PHES.

Considering the intermittencies of renewable resources and the uncertainties

associated with them, it is a non-trivial task to optimize the sizing and oper-

ational decisions of hybrid energy systems with PHES. We refer the reader to

Mahfoud et al. [14] and Toufani et al. [15] for comprehensive reviews of the

PHES literature. In this literature, there are relatively fewer studies that model

PHES systems via stochastic optimization frameworks, compared to determin-

istic approaches. The majority of stochastic optimization models focus only on

6



the operational decisions of existing PHES systems. Two important examples of

this category, which also motivated this chapter, are proposed by Toufani et al.

[16, 17]. Toufani et al. [16] examine the energy generation and storage problem for

alternative PHES facilities (i.e., open-loop facilities with natural water inflow to

upper and/or lower reservoirs and closed-loop facilities), formulating the problem

as a stochastic dynamic program. Toufani et al. [17] study the energy generation

and storage problem to evaluate the benefits of transforming conventional cas-

cade hydropower stations into PHES systems, again modeling this operational

problem as a stochastic dynamic program.

Optimizing the operations of hybrid energy systems with PHES is crucial for

efficient control and management. However, it is equally important to devise an

optimal sizing plan under uncertainty to ensure a sufficient power supply without

incurring excessive costs during the entire life cycle of the facility. In the literature

dealing with the sizing problem under uncertainty, Zheng et al. [18] compare the

dispatch strategies of various storage facilities, including a PHES facility. Brown

et al. [19] address the question of how much pumped storage capacity to install for

a PHES facility in a small island system. Reuter et al. [20] evaluate the economics

of PHES systems with wind farms to stabilize profits from wind. Hemmati [21]

proposes a renewable energy hub composed of wind-hydro-solar generation sys-

tems, supported by PHES and hydrogen storage systems, and optimizes system

component capacities and operations to meet demand in autonomous buildings.

Liu et al. [22] study the sizing problem for hydro-photovoltaic (PV)-pumped stor-

age integrated generation system by taking into account the uncertainties in PV,

spot price, and load. Elnozahy et al. [23] consider different hybrid storage options,

including a PHES facility, by incorporating the weather uncertainty into a chance

constraint. Abdalla et al. [24] study the sizing problem for wind-PHES systems

by taking into account the wind and price uncertainties in their two-stage robust

expansion planning model. Amusat et al. [25] solve a bi-criteria sizing problem to

demonstrate the effects of intermittency and inter-year variability of renewable

sources for several storage options, including a PHES facility. Within a hybrid

system incorporating PV panels and a costly diesel backup source, Kocaman

and Modi [12] examine the value of a particular PHES configuration compared

7



to a conventional hydropower station. Finally, Kocaman [26] presents two-stage

stochastic programming models for mixed (a form of open-loop configuration)

and pure (also known as seawater PHES configuration) PHES systems to study

the sizing problem for hybrid energy systems.

In this chapter, unlike Kocaman [26], we construct two-stage stochastic mixed-

integer programming models for three different configurations of open-loop PHES

systems: (i) the natural water flows only into the upper reservoir, (ii) it flows

only into the lower reservoir, or (iii) it flows into both reservoirs. Furthermore,

again unlike Kocaman [26], we extend these models to closed-loop, seawater and

conventional hydropower systems (with no pumping capability). All these config-

urations are shown in Figure 2.3. We study the sizing problem for these different

configurations when they are integrated with a renewable source (solar or wind).

The primary contributions of this chapter can be summarized as follows:

• Our study is the first to compare various open-loop PHES configurations

(on-stream systems with natural inflow to upper and/or lower reservoirs)

in terms of the optimal sizing decisions for system components. We also

compare these configurations against closed-loop PHES facilities with ca-

pacitated lower reservoir, seawater-PHES facilities, and conventional hy-

dropower systems. We perform all these comparisons in two different cases:

when the hybrid energy system includes a solar farm or a wind farm.

• We develop two-stage stochastic mixed-integer programming models to op-

timize the sizing decisions for system components (e.g., the reservoir and

generator capacities, solar panel area, and number of wind turbines) as well

as the operational decisions (e.g., the amount of water to be pumped or

released and the amount of energy to be curtailed).

• In our numerical experiments, we use real time-series data to take into

account the streamflow uncertainty and measure the value of stochastic

solution. With our numerical results, we offer new insights into the sizing

decisions and costs of hybrid energy systems in different environments.

8



(a) Water inflow to the upper reservoir (b) Water inflow to the lower reservoir

(c) Water inflow to both reservoirs
(d) Closed-loop with capacitated lower
reservoir

(e) Seawater (f) Conventional

Figure 2.3: (a)-(e) possible PHES configurations, (f) conventional hydropower
station.
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The rest of this chapter is organized as follows: Section 2.2 formulates the

two-stage stochastic programs for the sizing and operational planning problems

of different PHES configurations. Section 2.3 presents the numerical results and

their discussions. Section 2.4 presents the sensitivity results. Section 2.5 con-

cludes by offering a summary.

2.2 Problem Formulation

Our focus is on determining the optimal sizing of the hybrid system components

(the PHES facility and the wind/solar farm) and the transmission line between

the PHES facility and demand points. Figure 2.4 illustrates a hybrid energy sys-

tem with a specific PHES configuration. In this system, the natural water flows

into both reservoirs of the PHES facility and the hydropower generated can be

transmitted to the demand points. Excess renewable energy generated in the

demand points can be transmitted to the PHES facility to pump water from the

lower reservoir to the upper reservoir to store it as gravitational potential energy.

When the available renewable energy is not sufficient to meet the entire demand,

we allow for a mismatch between supply and demand and a non-renewable re-

source like diesel can be used as a substitute. Like [12], we take the cost of diesel

as the penalty for any mismatched demand, which is charged for each kWh of

energy demand that hydropower or wind/solar power cannot meet.

2.2.1 Assumptions

In order to simplify the modeling of hydropower components, we make several

commonly-used assumptions. Specifically, we assume that the water is always re-

leased from a constant height, the system efficiency is not affected by the amount

of water pumped or released, and there is no loss of water in the PHES facility

due to evaporation [27, 26]. We consider a one-year planning horizon to capture

the seasonal variability of renewable energy sources. We consider hourly energy
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generation and storage decisions to capture the intraday supply/demand vari-

ability. Since there is significant solar variability throughout the day, the use of

hourly periods is needed [12]. Therefore, like [12], we employ a scenario-based

model for the problem and utilize a one-year series with hourly periods.

Figure 2.4: A sample hybrid system with an open-loop PHES facility.

2.2.2 Two-stage stochastic programming model

The two-stage stochastic programming model consists of two decision-making

stages. The first-stage decisions x are made before the uncertainty is resolved,

while the second-stage decisions y are made based on the observed uncertainty.

We can formulate the two-stage stochastic program in standard form as follows:

min cTx+ Eω[Q(x, ω)] (2.1)

s.t. Ax = b, (2.2)

x ≥ 0. (2.3)

In the above formulation Q(x, ω) is the optimal solution to the second-stage

problem with scenario ω. When there is a finite number of scenarios (realizations)

and (d, h, T,W ) is the data for the second-stage problem, we can find Q(x, ω) as

follows [26, 28]:

Q(x, ω) = min{dTωyω|Tωx+Wωyω = hω, yω ≥ 0}. (2.4)
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The extended form of the scenario-based two-stage stochastic program can be

written as follows:

min cTx+
∑
ω

pωd
T
ωyω (2.5)

s.t. Ax = b, (2.6)

Tωx+Wωyω = hω ∀ω, (2.7)

x ≥ 0, yω ≥ 0 ∀ω. (2.8)

For our problem, the first-stage decisions involve the sizing decisions for the

system components, while the second-stage decisions involve the operational deci-

sions that depend on the observed scenario. To address our research question, we

construct two-stage stochastic programming models for each of the six different

system configurations, including the conventional hydropower station in addition

to five different PHES configurations. Indices, parameters, and decision variables

of these models are given in Tables 2.1–2.3.

Table 2.1: Indices for parameters and decision variables.

t time period 1,...,T, with a total of T periods
ω scenario 1,...,Ω, with a total of Ω scenarios
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Table 2.2: Model parameters.

n length of each time period
dh dimensionless annualization parameter for PHES systems
ds dimensionless annualization parameter for solar power stations
dw dimensionless annualization parameter for wind power stations
dt dimensionless annualization parameter for transmission lines
l percentage power loss in transmission lines
g standard acceleration due to gravity
hU height of the upper reservoir in the PHES system
hL height of the lower reservoir in the PHES system
dist distance between the demand point and the PHES system
α efficiency of the PHES system in both generation and pump modes
γ efficiency of solar panels
cH unit cost of reservoir capacity in hydropower station
cPG unit cost of generator/pump capacity in hydropower station
cS unit cost of solar panels
cW unit cost of wind turbines
cT unit cost of transmission line between the PHES system and the demand

point
µ unit penalty for mismatched demand

pω weight of scenario ω, where
∑Ω

ω=1 pω = 1
M a large number
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Table 2.3: Model variables.

Exogenous variables

SRtω solar radiation in period t in scenario ω
WEtω energy generated from one wind turbine in period t in scenario ω
EDtω energy demand in period t in scenario ω
WU tω streamflow amount into the upper reservoir in period t in scenario

ω
WLtω streamflow amount into the lower reservoir in period t in scenario ω

Decision variables

SUmax upper reservoir capacity
SLmax lower reservoir capacity
PGUmax upper generator capacity
PGLmax lower generator capacity
Tmax transmission line capacity
A solar panel area
N number of wind turbines
Stω
U water stored in the upper reservoir at the end of period t in scenario

ω
Stω
L water stored in the lower reservoir at the end of period t in scenario

ω
P tω water pumped to the upper reservoir in period t in scenario ω
Rtω

U water released from the upper reservoir in period t in scenario ω
Rtω

L water released from the lower reservoir in period t in scenario ω
V tω solar energy directly used in the demand points in period t in sce-

nario ω
IP tω binary variable which is equal to 1 during pumping and equal to 0

during releasing in period t in scenario ω
Ztω mismatched demand in period t in scenario ω
Ltω
U water spilled from the upper reservoir in period t in scenario ω

Ltω
L water spilled from the lower reservoir in period t in scenario ω

Ctω curtailed renewable energy in period t in scenario ω

We present below our stochastic programming model for the hybrid system

that includes the most general PHES configuration (i.e., an open-loop PHES

system with water inflow to both upper and lower reservoirs) and a solar farm:
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minimize dhcH(SUmax + SLmax) + dhcPG(PGUmax + PGLmax) + dscSA+

dist · dtcTTmax +
µ

Ω

Ω∑
ω=1

T∑
t=1

Ztω
(2.9)

subject to

Stω
U = St−1,ω

U +WU tω + P tω −Rtω
U − Ltω

U ∀t > 1, ∀ω, (2.10)

Stω
L = St−1,ω

L +WLtω − P tω +Rtω
U −Rtω

L + Ltω
U − Ltω

L ∀t > 1, ∀ω, (2.11)

S1ω
U =

SUmax

2
+WU1ω + P 1ω −R1ω

U − L1ω
U ∀ω, (2.12)

S1ω
L =

SLmax

2
+WL1ω − P 1ω +R1ω

U −R1ω
L + L1ω

U − L1ω
L ∀ω, (2.13)

STω
U =

SUmax

2
∀ω, (2.14)

STω
L =

SLmax

2
∀ω, (2.15)

Stω
U ≤ SUmax ∀t, ∀ω, (2.16)

Stω
L ≤ SLmax ∀t, ∀ω, (2.17)

max

{
Rtω

U ghUα,
P tωghU

α

}
≤ PGUmaxn ∀t, ∀ω, (2.18)

Rtω
L ghLα ≤ PGLmaxn ∀t, ∀ω, (2.19)

max

{
(Rtω

U hU +Rtω
L hL)gα,

P tωghU

α(1− l)

}
≤ Tmaxn ∀t, ∀ω, (2.20)

V tω +
P tωghU

α(1− l)
+ Ctω = Aγ(SRtω) ∀t, ∀ω, (2.21)

EDtω = Ztω + V tω + (Rtω
U hU +Rtω

L hL)gα(1− l) ∀t, ∀ω, (2.22)

P tω ≤ IP tωM ∀t, ∀ω, (2.23)

Rtω
U ≤ (1− IP tω)M ∀t, ∀ω, (2.24)
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Rtω
L ≤ (1− IP tω)M ∀t, ∀ω, (2.25)

IP tω ∈ {0, 1} ∀t, ∀ω, (2.26)

Ltω
U , Ltω

L , Stω
U , Stω

L , SUmax , SLmax , PGUmax , PGLmax ,

Tmax, A, P
tω, Rtω

U , Rtω
L , V tω, Ztω, Ctω ≥ 0 ∀t, ∀ω.

(2.27)

The objective in equation (2.9) is to minimize the total system cost that in-

cludes the installation costs and the penalty costs for mismatched demand. For

the installation costs, we multiply the sizes of all system components (upper and

lower reservoirs, generators, solar panels, and transmission lines) by their unit

installation costs and dimensionless annualization parameters. For the penalty

costs, we calculate the total mismatched demand in each scenario, take the aver-

age over all scenarios, and multiply it by the unit penalty cost.

Equations (2.10) and (2.11) are the flow balance equations for the upper and

lower reservoirs. We assume that both reservoirs are half-full at the beginning

and end of the planning horizon. We incorporate this assumption into the flow

balance equations with equations (2.12) and (2.13) in the first period and with

equations (2.14) and (2.15) in the last period. Equations (2.16)-(2.20) set the

capacity constraints for the upper and lower reservoirs, generators, transmission

lines, respectively. Equation (2.21) ensures that the solar energy potential in any

period is equal to the total amount of solar energy that is directly used to meet

demand, utilized to pump water in the PHES facility, or curtailed in that period.

Equation (2.22) ensures that the demand is met by the hydro or solar energy

generated, taking into account any mismatched demand. Together with equation

(2.26), equations (2.23), (2.24) and (2.25) are logical constraints that prohibit

simultaneous pumping and releasing, affecting only the operational decisions.
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2.2.3 Formulations for the alternative systems

2.2.3.1 Water inflow to the upper reservoir

When there is water inflow only to the upper reservoir, we update only the con-

straints that include the decision variable related to water inflow to the lower

reservoir.

minimize (2.9)

subject to

Stω
U = St−1,ω

U +WU tω + P tω −Rtω
U − Ltω

U ∀t > 1, ∀ω,

Stω
L = St−1,ω

L − P tω +Rtω
U −Rtω

L + Ltω
U − Ltω

L ∀t > 1, ∀ω,

S1ω
U =

SUmax

2
+WU1ω + P 1ω −R1ω

U − L1ω
U ∀ω,

S1ω
L =

SLmax

2
− P 1ω +R1ω

U −R1ω
L + L1ω

U − L1ω
L ∀ω,

(2.14)− (2.27).

2.2.3.2 Water inflow to the lower reservoir

minimize (2.9)

subject to

Stω
U = St−1,ω

U + P tω −Rtω
U − Ltω

U ∀t > 1, ∀ω,

Stω
L = St−1,ω

L +WLtω − P tω +Rtω
U −Rtω

L + Ltω
U − Ltω

L ∀t > 1, ∀ω,

S1ω
U =

Smax

2
+ P 1ω −R1ω

U − L1ω
U ∀ω,

S1ω
L =

SLmax

2
+WL1ω − P 1ω +R1ω

U −R1ω
L + L1ω

U − L1ω
L ∀ω,

(2.14)− (2.27).
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2.2.3.3 Closed-loop PHES facilities

Closed-loop PHES facilities have no natural water inflow. There is no water

spillage in either reservoir and there is no power generator in the lower reservoir.

minimize dhcH(SUmax + SLmax) + dhcPGPGUmax + dscSA+ dist · dtcTTmax

+
µ

Ω

Ω∑
ω=1

T∑
t=1

Ztω

subject to

Stω
U = St−1,ω

U + P tω −Rtω
U ∀t > 1, ∀ω,

Stω
L = St−1,ω

L − P tω +Rtω
U ∀t > 1, ∀ω,

S1ω
U =

SUmax

2
+ P 1ω −R1ω

U ∀ω,

S1ω
L =

SLmax

2
− P 1ω +R1ω

U ∀ω,

max

{
Rtω

U hgα,
P tωgh

α(1− l)

}
≤ Tmaxn ∀t, ∀ω,

EDtω = Ztω + V tω +Rtω
U hgα(1− l) ∀t, ∀ω,

(2.14)− (2.18), (2.21), (2.23)− (2.27).

2.2.3.4 Seawater-PHES facilities

The seawater-PHES facilities are similar to the closed-loop PHES facilities, with

the exception that the lower reservoir has no specified capacity and is regarded as

a sea. We thus no longer include the decision variables Stω
L and SLmax in our model.

We note that this configuration is equivalent to the pure PHES configuration in
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[26].

minimize dhcHSmax + dhcPGPGUmax + dscSA+ dist · dtcTTmax +
µ

Ω

Ω∑
ω=1

T∑
t=1

Ztω

subject to

Stω = St−1,ω + P tω −Rtω
U ∀t > 1, ∀ω,

S1ω =
Smax

2
+ P 1ω −R1ω

U ∀ω,

max

{
Rtω

U hgα,
P tωgh

α(1− l)

}
≤ Tmaxn ∀t, ∀ω,

EDtω = Ztω + V tω +Rtω
U hgα(1− l) ∀t, ∀ω,

(2.14), (2.16), (2.18), (2.21), (2.23)− (2.27).

2.2.3.5 Conventional hydropower stations

The conventional hydropower stations have no pumping capability and no lower

reservoir. We thus remove the decision variables SLmax , PGmax
L , Stω

L , P tω, Rtω
L ,

and Ltω
L from our model.

minimize dhcHSmax + dhcPGPGmax + dscSA+ dist · dtcTTmax +
µ

Ω

Ω∑
ω=1

T∑
t=1

Ztω

subject to

Stω = St−1ω +WU tω −Rtω
U − Ltω

U ∀t > 1, ∀ω,

S1ω =
Smax

2
+WU1ω −R1ω

U − L1ω
U ∀ω,

Rtω
U ghα ≤ PGmaxn ∀t, ∀ω,

Rtω
U ghα ≤ Tmaxn ∀t, ∀ω,

EDtω = Ztω + V tω +Rtω
U ghα(1− l) ∀t, ∀ω,
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(2.14), (2.16), (2.21), (2.27).

2.2.4 Hybrid systems with wind farms

If the hybrid energy system includes a wind farm instead of a solar farm, equation

(2.21) of our main model can be modified as follows:

V tω +
P tωgh

α(1− l)
+ Ctω = WEtωN ∀t, ∀ω, (2.28)

where the decision variable N is a nonnegative integer. For the other models, the

corresponding constraints are changed to equation (2.28). In addition, the solar

component of the objective function is replaced with the wind component. The

objective function of our main model can thus be rewritten as follows:

minimize dhcH(SUmax + SLmax) + dhcPG(PGUmax + PGLmax) + dwcWN+

dist ∗ dtcTTmax +
µ

Ω

Ω∑
ω=1

T∑
t=1

Ztω.

2.3 Numerical Experiments

We present a case study to examine the optimal sizing decisions of a hybrid

energy system that can meet a peak demand of 1 GW in the Mediterranean

region of Türkiye. This demand is met by solar/wind energy and hydro energy,

which is generated by utilizing the water available from the Manavgat river [29].

The solar radiation and wind speed data is obtained for the same region from

Homer Energy [30]. The excess solar/wind energy is stored in the PHES facilities,

except for the conventional case with no storage option. We take into account

the unpredictability of streamflow rate by incorporating the historical data of

the previous 19 years into our models for the open-loop PHES facilities and

conventional hydropower stations. We note that the closed-loop PHES facilities

have no natural water inflow and thus involve no uncertainty.
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Table 2.4: Parameters values for numerical experiments.

Unit cost of reservoir $3/m3

Unit cost of generator $500/kW
Unit cost of solar panels $200/m2

Unit cost of wind turbines $1.7M
Unit cost of diesel $0.25/kWh
Cost of transmission line $1.1M/GW
One-sided efficiency of the hydroelectric system 88%
Efficiency of solar panels 12%
Discount factor 5%
Loss in transmission lines 5%
Height of the upper reservoir 100 meters
Height of the lower reservoir 100 meters
Lifetime of solar panels 30 years
Lifetime of the hydroelectric system 60 years
Lifetime of transmission lines 40 years
Lifetime of wind turbines 20 years

The cost, efficiency, and lifetime parameters of the solar farm are obtained

from [26] and are presented in Table 2.4. The unit cost of a wind turbine with

900 kW power capacity is assumed to be $1.7M and its lifetime is assumed to be

20 years [31, 32]. The distance between the hydroelectric system and the demand

points is assumed to be 50 km. The DOcplex module of Python 3.9.7 was used

to solve our models at a workplace with a 2.4GHz Intel Xeon E5-2630 v3 CPU

and 64GB RAM.

2.3.1 Analysis of systems with solar farms

We consider the systems with on-stream PHES separately from the systems with

closed-loop PHES, seawater-PHES, and conventional hydropower stations. We

present and discuss our results for these two groups in the following two subsec-

tions, respectively.
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2.3.1.1 Systems with open-loop PHES

For our analysis, we assume that the amount of streamflow entering the system

remains the same across different PHES configurations. When there is water

inflow to both reservoirs, half of the streamflow feeds the upper reservoir and the

other half feeds the lower reservoir. The optimal sizing decisions for the open-loop

PHES systems are shown in Table 2.5.

The best open-loop system in terms of expected cost is the case when the water

flows only into the upper reservoir. All component sizes in this case are smaller

than those in the other cases. This is because the PHES reservoirs are used to

store energy via water pumped, and the need for storage and pumping (and thus

large reservoirs) is lower with water entering the system through the upper reser-

voir. We observe that the expected system costs decline as the component sizes

decrease. However, the systems with smaller components benefit less from the

renewable sources, leading to higher mismatched demand. We also observe an

increase in curtailed solar energy as the component sizes decrease. This situa-

tion is another outcome of pumping less: the incoming solar energy tends to be

curtailed if it is not used to pump water in the PHES facility.

The expected percentage contributions of renewable sources to meet the de-

mand for open-loop PHES systems are presented in Figure 2.5a. The mismatched

demand is below 8% for all open-loop PHES systems. When the water flows only

into the lower reservoir, the mismatched demand is at its minimum, and there

is slightly more reliance on hydro than the other two configurations. These re-

sults can be explained by the larger system components and increased pumping

capability in this case. The hydro and solar contributions are 49% and 46%,

respectively, in this case. When the water flows only into the upper reservoir, the

hydro and solar contributions are 47% and 45%, respectively. When the water

flows into both reservoirs, the hydro and solar contributions are 48% and 45%,

respectively.

The expected utilized amounts of solar energy in pumping water and meeting
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Table 2.5: Comparison of systems with open-loop PHES and solar farms.

Water inflow to Upper reservoir Lower reservoir Both reservoirs

Upper res. cap. (km3) 0.146 0.365 0.229
Lower res. cap. (km3) 0.038 0.053 0.040
Upper gen. cap. (GW) 1.404 1.556 1.468
Lower gen. cap. (GW) 0.145 0.239 0.182
Solar panel area (km2) 23.293 25.610 24.343
Transimssion line cap. (GW) 1.478 1.638 1.545

Expected solar utilization GWh % GWh % GWh %

Directly used solar 2134 42% 2195 39% 2168 41%
Pumped solar 1900 37% 2602 46% 2224 42%
Curtailed solar 1061 21% 806 14% 933 18%

Total solar produced 5096 100% 5603 100% 5326 100%

Expected energy generation GWh % GWh % GWh %

Upper hydro 1805 38% 1861 39% 1811 38%
Lower hydro 457 10% 502 11% 479 10%
Solar 2134 45% 2195 46% 2168 45%
Mismatched demand 380 8% 217 5% 317 7%

Total consumption 4775 100% 4775 100% 4775 100%

Expected system cost ($/kWh) 0.099 0.106 0.102

(a) Percentage contributions of resources (b) Solar energy utilization in GWh

Figure 2.5: Comparison of systems with open-loop PHES and solar farms based
on renewable energy contribution and solar energy utilization.
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demand directly, respectively, are shown in Figure 2.5b. The solar energy pro-

duced is lowest, with a total of 5096 GWh, when the water flows only into the

upper reservoir. In this case, 46% of the solar energy generated is used to pump

water, 41% is used to meet demand directly, and the remaining 13% is curtailed.

The solar energy produced is highest, with a total of 5603 GWh, when the water

flows only into the lower reservoir. In this case, nearly 50% of the solar energy

generated is used to pump water, 38% is used to meet demand directly, and 11%

is curtailed. When the water flows into both reservoirs, 48% is used to pump

water, 40% is used to meet demand directly, and 12% is curtailed.

2.3.1.2 Systems with closed-loop PHES, seawater-PHES, and conven-

tional hydropower stations

The optimal sizing decisions for the closed-loop PHES systems, seawater-PHES

systems, and conventional hydropower stations are shown in Table 2.6. We ob-

serve that the closed-loop PHES and seawater-PHES systems outperform the

conventional hydropower stations in terms of expected cost. This is because the

former two configurations have the energy storage capability while the conven-

tional one does not. The closed-loop PHES and seawater-PHES systems also

perform better in meeting demand from renewable resources, highlighting the

importance of energy storage in renewable energy systems. The conventional

hydropower station has a remarkably small upper reservoir capacity. This is be-

cause the system components incur high installation costs so that building a large

upper reservoir is not beneficial if it is to be used purely as a generator with no

storage option.

Figure 2.6a shows that the expected percentage contributions of renewable

sources to meet the demand are similar in the closed-loop PHES and seawater-

PHES systems. The storage flexibility provided by the PHES configurations

reduce the mismatched demand dramatically. While the mismatched demand is

no larger than 13% for all of the PHES configurations, it is 52% for the conven-

tional hydropower station. In our experiments the streamflow rate is the same

in all system configurations. However, the hydro contribution is greater than
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40% for all of the PHES configurations, but it is less than 10% for the conven-

tional hydropower station. This result implies that the PHES systems utilize the

available water inflow much more effectively than the conventional hydropower

station. This result is expected since the solar energy cannot be stored in the

conventional hydropower station. Figure 6b shows that the amount of solar en-

ergy produced in the conventional case is less than half of that in the other two

configurations.

The open-loop PHES configurations have lower expected costs than the other

PHES configurations. The upper reservoir capacities of open-loop configurations

are much higher than those of the other configurations. Although the seawater-

PHES system has no lower reservoir and thus has a distinct advantage in terms of

installation costs, its upper reservoir capacity is less than that of the open-loop

PHES systems. The closed-loop PHES and seawater-PHES systems (with no

lower generator) have slightly higher upper generator capacities than the open-

loop PHES systems. Since the closed-loop PHES and seawater-PHES systems

generate less energy than the open-loop PHES systems, they require installation

of wider solar panel areas, inducing larger amounts of solar energy produced.

While the amounts of solar energy used to meet demand directly are not very dif-

ferent, the closed-loop PHES and seawater-PHES systems pump more water than

the other systems. Although the seawater-PHES system has an access to unlim-

ited amount of water, it has a slightly lower expected cost than the closed-loop

PHES system and the amount of water pumped in the seawater-PHES system is

only slightly greater than in the closed-loop PHES system.

2.3.2 Analysis of systems with wind farms

We rerun our numerical experiments by replacing the solar component of our

hybrid energy system with the wind component. We present our results in the

following two subsections.
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Table 2.6: Comparison of closed-loop PHES systems, seawater-PHES systems,
and conventional hydropower stations, all with solar farms.

System type Closed-loop Seawater Conventional

Upper res. cap. (km3) 0.061 0.119 0.007
Lower res. cap. (km3) 0.061 - -
Upper gen. cap. (GW) 1.570 1.665 0.278
Lower gen. cap. (GW) - - -
Solar panel area (km2) 26.579 27.397 11.611
Transmission line cap. (GW) 1.652 1.753 0.278

Expected solar utilization GWh % GWh % GWh %

Directly used solar 2018 35% 2171 36% 1863 73%
Pumped solar 3044 52% 3174 53% 0 0%
Curtailed solar 753 13% 648 11% 677 27%

Total solar produced 5815 100% 5994 100% 2540 100%

Expected energy generation GWh % GWh % GWh %

Hydro 2135 42% 2084 44% 450 9%
Solar 2018 45% 2171 45% 1863 39%
Mismatched demand 622 13% 520 11% 2461 52%

Total consumption 4775 100% 4775 100% 4775 100%

Expected system cost ($/kWh) 0.119 0.116 0.162

(a) Percentage contributions of resources (b) Solar energy utilization in GWh

Figure 2.6: Comparison of closed-loop PHES systems, seawater-PHES systems,
and conventional hydropower stations based on renewable energy contribution
and solar energy utilization.
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2.3.2.1 Systems with open-loop PHES

We again assume that the amount of streamflow entering the system remains the

same across different PHES configurations. When there is water inflow to both

reservoirs, half of the streamflow feeds the upper reservoir and the other half

feeds the lower reservoir. The optimal sizing decisions for the open-loop PHES

systems are shown in Table 2.7.

Similar to the systems with solar farms, the expected system cost and compo-

nent sizes are lowest when the water flows only into the upper reservoir. However,

the sizing decisions of different components are closer here than in the systems

with solar farms. Figure 2.7a shows that the wind farm is the major source of

energy, followed by the hydropower station, in all three PHES configurations.

Figures 2.5b and 2.7b indicate that the amounts of wind energy used to meet

demand directly here are larger than the amounts of solar energy used to meed

demand directly in the case with solar farms. The amounts of wind energy used

to pump water here are smaller than the amounts of solar energy used to pump

water in the case with solar farms. These results can be explained by varying

levels of availability of renewable resources during the day. While the wind can

be available throughout the day, the solar is available only during the daytime.

The solar energy should be stored during the daytime if it is to be utilized during

the night. Since the solar energy is stored more, the reservoir capacities and the

amounts of water pumped are larger in the case with solar farms.

2.3.2.2 Systems with closed-loop PHES, seawater-PHES, and conven-

tional hydropower stations

The optimal sizing decisions for the closed-loop PHES systems, seawater-PHES

systems, and conventional hydropower stations are shown in Table 2.8. Figure

2.8a shows that the wind farm is again the major source of energy in all these

systems. Figures 6b and 8b indicate that the amounts of wind energy used to meet

demand directly here are larger than the amounts of solar energy used to meed
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demand directly in the case with solar farms. The amounts of wind energy used

to pump water here are smaller than the amounts of solar energy used to pump

water in the case with solar farms. For the closed-loop PHES and seawater-PHES

systems, the mismatched demand here is higher than in the case with solar farms.

This is because the solar energy is stored more than the wind energy, and the

stored renewable energy helps reduce the mismatched demand more effectively.

Finally, the seawater-PHES systems experience very little curtailment of wind

energy.

Table 2.7: Comparison of systems with open-loop PHES and wind farms.

Water inflow to Upper reservoir Lower reservoir Both reservoirs

Upper res. cap. (km3) 0.065 0.075 0.070
Lower res. cap. (km3) 0.057 0.067 0.063
Upper gen. cap. (GW) 0.960 1.128 1.057
Lower gen. cap. (GW) 0.143 0.173 0.157
Number of wind turbines 2569 2869 2740
Transmission line cap. (GW) 1.010 1.188 1.112

Expected wind utilization GWh % GWh % GWh %

Directly used wind 2379 59% 2543 57% 2489 58%
Pumped wind 740 18% 1195 27% 947 22%
Curtailed wind 898 22% 748 17% 848 20%

Total wind produced 4017 100% 4486 100% 4284 100%

Expected energy generation GWh % GWh % GWh %

Upper hydro 982 21% 844 18% 899 19%
Lower hydro 436 9% 455 9% 447 9%
Wind 2379 50% 2543 53% 2489 52%
Mismatched demand 987 21% 933 20% 939 20%

Total consumption 4775 100% 4775 100% 4775 100%

Expected system cost ($/kWh) 0.135 0.144 0.139
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(a) Percentage contributions of resources (b) Wind energy utilization in GWh

Figure 2.7: Comparison of systems with open-loop PHES and wind farms based
on renewable energy contribution and wind energy utilization.

Table 2.8: Comparison of closed-loop PHES systems, seawater-PHES systems,
and conventional hydropower stations, all with wind farms.

System type Closed-loop Seawater Conventional

Upper res. cap. (km3) 0.105 0.142 0.008
Lower res. cap. (km3) 0.105 - -
Upper gen. cap. (GW) 1.435 1.449 0.156
Lower gen. cap. (GW) - - -
Number of wind turbines 3395 3390 2040
Transmission line cap. (GW) 1.510 1.526 0.156

Expected wind utilization GWh % GWh % GWh %

Directly used wind 2491 47% 2601 49% 2225 70%
Pumped wind 2076 39% 2430 46% 0 0%
Curtailed wind 741 14% 270 5% 965 30%

Total wind produced 5308 100% 5300 100% 3190 100%

Expected energy generation GWh % GWh % GWh %

Hydro 1463 31% 1386 29% 221 5%
Wind 2491 52% 2601 55% 2252 47%
Mismatched demand 820 17% 787 17% 2328 49%

Total consumption 4775 100% 4775 100% 4775 100%

Expected system cost ($/kWh) 0.156 0.152 0.181
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(a) Percentage contributions of resources (b) Wind energy utilization in GWh

Figure 2.8: Comparison of closed-loop PHES systems, seawater-PHES systems,
and conventional hydropower stations based on renewable energy contribution
and wind energy utilization.

2.3.3 The impact of hydropower uncertainty

Two main indicators for assessing the importance of solving our two-stage stochas-

tic programming models (for the open-loop PHES configurations) are the Ex-

pected Value of Perfect Information (EVPI) and the Value of Stochastic Solution

(VSS). Our computations of EVPI and VSS are based on the methods described

in [33]. We refer to the problem given in Section 2.2.2 by equations (2.5)–(2.8) as

the recourse problem. We compute EVPI by solving a deterministic problem for

each scenario individually, averaging the optimal cost values of all these problems

to obtain the wait-and-see solution (WS), and comparing it with the optimal cost

of the recourse problem (RP). Specifically, let Gω denote the optimal cost of the

following deterministic problem for scenario ω:

min cTx+ dTωyω

s.t. Ax = b,

Tωx+Wωyω = hω,

x ≥ 0, yω ≥ 0.
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Hence WS =
∑Ω

ω=1 Gω

Ω
and EVPI = RP − WS. EVPI represents the maximum

amount of money that one would be willing to pay to obtain perfect information

about the future streamflow rates. For computation of VSS, we first calculate

the scenario ω̄ by averaging all available scenarios in the recourse problem. We

then solve the following deterministic problem for scenario ω̄:

min cTx+ dTω̄yω̄

s.t. Ax = b,

Tω̄x+Wω̄yω̄ = hω̄,

x ≥ 0, yω̄ ≥ 0.

We refer to the solution of the above problem as the expected value solution and

denote by x̄ its first-stage decisions. We next implement these first-stage decisions

into the recourse problem as follows:

min cT x̄+
∑
ω

pωd
T
ωyω

s.t. Ax̄ = b,

Tωx̄+Wωyω = hω ∀ω,

yω ≥ 0 ∀ω.

The optimal cost of the above problem yields the expected result of taking the

first-stage decisions of the expected value solution and the optimal second-stage

decisions (conditional on the first-stage decisions). We obtain VSS by comparing

this expected result (EEV) with the optimal cost of the recourse problem: VSS =

EEV− RP. Tables 2.9 and 2.10 exhibit the EVPI and VSS values for the open-

loop PHES systems with solar farms and wind farms, respectively. Tables 2.9 and

2.10 also show the EVPI and VSS percentages that are calculated as EV PI
RC

× 100
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and V SS
RC

× 100, respectively.

We observe that the EVPI and VSS percentages are larger in the case with

solar farms than in the case with wind farms in general. These results can be

explained by the higher degree of intermittency of solar radiation and the resulting

lower flexibility in handling uncertainty. An exception to this observation arises

in the VSS percentage when the system has a solar farm and the water flows

only into the upper reservoir. This result implies that the first-stage decisions

(i.e., the sizing decisions) of the expected value solution are similar to the optimal

first-stage decisions of the stochastic model, leading to a smaller VSS percentage

in this specific case.

Table 2.9: EVPI and VSS values for systems with open-loop PHES and solar
farms.

Cost ($) / Water inflow Upper Lower Both

RP 472,787,413 506,300,297 486,983,828
WS 468,418,476 503,617,172 483,311,016
EVPI 4,368,937 2,683,125 3,672,812
% EVPI 0.92% 0.53% 0.75%
EEV 474,482,019 516,157,139 491,208,620
VSS 1,694,606 9,856,842 4,224,791
% VSS 0.36% 1.95% 0.87%

Table 2.10: EVPI and VSS values for systems with open-loop PHES and wind
farms.

Cost ($) / Water inflow Upper Lower Both

RP 646,432,892 685,287,407 665,147,628
WS 645,406,104 684,022,405 662,753,772
EVPI 1,026,788 1,265,002 2,393,856
% EVPI 0.16% 0.18% 0.36%
EEV 651,941,889 686,329,963 668,805,385
VSS 5,508,998 1,042,557 3,657,756
% VSS 0.85 % 0.15% 0.55%

32



2.4 Sensitivity Analysis

We performed sensitivity analysis by changing the unit cost of diesel (that we

use as a proxy for the cost of backup source) and the unit installation costs of

solar/wind farms. The results are shown in Tables 2.11-2.14. The “base case”

columns of all these tables correspond to our results in Section 2.3. The upper

panels of all these tables show how the optimal sizing decisions vary when we

double the unit cost of diesel (µ) or halve it. The lower panels of Tables 2.11

and 2.12 show how the optimal sizing decisions vary when we double the unit

installation cost of solar farm (cS) or halve it. The lower panels of Tables 2.13

and 2.14 show how the optimal sizing decisions vary when we double the unit

installation cost of wind farm (cW ) or halve it.

As expected, the optimal sizes of solar/wind farms grow as the diesel cost

increases or as the installation costs decrease. For the systems with open-loop

PHES and solar farms, the upper reservoir/generator capacity is more sensitive

to changes in the diesel and solar installation costs, in comparison with the lower

reservoir/generator capacity. The cost changes have a larger impact on the upper

reservoir capacity of the seawater-PHES system than on those of the closed-

loop PHES system and the conventional hydropower station. This result can be

attributed to the larger upper reservoir of seawater-PHES system in general. For

the systems with open-loop PHES and wind farms, the upper reservoir/generator

capacity is more sensitive to changes in the diesel cost (but not in the wind

installation cost), in comparison with the lower reservoir/generator capacity. The

cost changes again have a greater impact on the upper reservoir capacity of the

seawater-PHES system than on those of the closed-loop PHES system and the

conventional hydropower station.
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Table 2.11: Sensitivity analysis for open-loop PHES systems with solar farms.

Diesel cost x 2 Base case Diesel cost / 2

Water inflow to Upper Lower Both Upper Lower Both Upper Lower Both

Upper. res. cap. (km3) 0.499 0.542 0.517 0.146 0.365 0.229 0.026 0.027 0.025
Lower res. cap. (km3) 0.063 0.071 0.066 0.038 0.053 0.040 0.017 0.023 0.020
Upper gen. cap. (GW) 1.557 1.608 1.587 1.404 1.556 1.468 0.609 0.844 0.718
Lower gen. cap. (GW) 0.139 0.205 0.171 0.145 0.239 0.182 0.165 0.203 0.186
Solar panel area (km2) 25.632 27.145 26.298 23.293 25.610 24.343 13.466 16.211 14.726
Trans. line cap. (GW) 1.639 1.693 1.671 1.478 1.638 1.545 0.641 0.889 0.756

Solar cost x 2 Base case Solar cost / 2

Water inflow to Upper Lower Both Upper Lower Both Upper Lower Both

Upper. res. cap. (km3) 0.087 0.109 0.075 0.146 0.365 0.229 0.099 0.237 0.099
Lower res. cap. (km3) 0.024 0.029 0.026 0.038 0.053 0.040 0.058 0.062 0.060
Upper gen. cap. (GW) 0.873 1.114 0.958 1.404 1.556 1.468 1.404 1.453 1.420
Lower gen. cap. (GW) 0.175 0.221 0.209 0.145 0.239 0.182 0.130 0.223 0.161
Solar panel area (km2) 15.197 17.822 16.212 23.293 25.610 24.343 28.151 29.605 28.726
Trans. line cap. (GW) 0.919 1.172 1.009 1.478 1.638 1.545 1.478 1.530 1.495

Table 2.12: Sensitivity analysis for other systems with solar farms.

Diesel cost x 2 Base case Diesel cost / 2

System type Closed Seawater Conv. Closed Seawater Conv. Closed Seawater Conv.

Upper. res. cap. (km3) 0.084 1.191 0.019 0.061 0.119 0.007 0.029 0.034 0.005
Lower res. cap. (km3) 0.084 - - 0.061 - - 0.029 - -
Upper gen. cap. (GW) 1.688 1.574 0.332 1.570 1.665 0.278 1.030 1.031 0.220
Lower gen. cap. (GW) - - - - - - - - -
Solar panel area (km2) 31.684 29.703 16.628 26.579 27.397 11.611 18.347 18.238 8.336
Trans. line cap. (GW) 1.777 1.657 0.332 1.652 1.753 0.278 1.084 1.085 0.220

Solar cost x 2 Base case Solar cost / 2

System type Closed Seawater Conv. Closed Seawater Conv. Closed Seawater Conv.

Upper. res. cap. (km3) 0.051 0.063 0.006 0.061 0.119 0.007 0.062 0.093 0.008
Lower res. cap. (km3) 0.051 - - 0.061 - - 0.062 - -
Upper gen. cap. (GW) 1.387 1.408 0.266 1.570 1.665 0.278 1.523 1.548 0.297
Lower gen. cap. (GW) - - - - - - - - -
Solar panel area (km2) 20.694 20.836 8.380 26.579 27.397 11.611 32.342 32.157 16.587
Trans. line cap. (GW) 1.460 1.482 0.266 1.652 1.753 0.278 1.603 1.629 0.297

Table 2.13: Sensitivity analysis for open-loop PHES systems with wind farms.

Diesel cost x 2 Base case Diesel cost / 2

Water inflow to Upper Lower Both Upper Lower Both Upper Lower Both

Upper. res. cap. (km3) 1.016 0.931 0.987 0.065 0.075 0.070 0.021 0.014 0.017
Lower res. cap. (km3) 0.110 0.130 0.122 0.057 0.067 0.063 0.008 0.010 0.008
Upper gen. cap. (GW) 1.424 1.627 1.517 0.960 1.128 1.057 0.274 0.319 0.255
Lower gen. cap. (GW) 0.164 0.180 0.169 0.143 0.173 0.157 0.176 0.206 0.189
# wind turbines 3490 3854 3654 2569 2869 2740 1101 1283 1177
Trans. line cap. (GW) 1.499 1.712 1.596 1.010 1.188 1.112 0.450 0.363 0.444

Wind cost x 2 Base case Wind cost / 2

Water inflow to Upper Lower Both Upper Lower Both Upper Lower Both

Upper. res. cap. (km3) 0.059 0.040 0.041 0.065 0.075 0.070 0.071 0.085 0.076
Lower res. cap. (km3) 0.015 0.023 0.019 0.057 0.067 0.063 0.065 0.075 0.069
Upper gen. cap. (GW) 0.379 0.615 0.490 0.960 1.128 1.057 1.294 1.467 1.375
Lower gen. cap. (GW) 0.175 0.232 0.203 0.143 0.173 0.157 0.102 0.112 0.108
# wind tubines 1200 1551 1369 2569 2869 2740 4048 4425 4236
Trans. line cap. (GW) 0.554 0.648 0.557 1.010 1.188 1.112 1.363 1.544 1.447
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Table 2.14: Sensitivity analysis for other systems with wind farms.

Diesel cost x 2 Base case Diesel cost / 2

System type Closed Sewater Conv. Closed Sewater Conv. Closed Sewater Conv.

Upper. res. cap. (km3) 0.149 0.224 0.025 0.105 0.142 0.008 0.009 0.015 0.002
Lower res. cap. (km3) 0.149 - - 0.105 - - 0.009 - -
Upper gen. cap. (GW) 2.230 2.169 0.230 1.435 1.449 0.156 0.271 0.391 0.105
Lower gen. cap. (GW) - - - - - - - - -
# wind turbines 4845 4707 3665 3395 3390 2040 1266 1408 944
Trans. line cap. (GW) 2.347 2.283 0.230 1.010 1.526 0.156 0.285 0.411 0.105

Wind cost x 2 Base case Wind cost / 2

System type Closed Sewater Conv. Closed Sewater Conv. Closed Sewater Conv.

Upper. res. cap. (km3) 0.029 0.055 0.004 0.105 0.142 0.008 0.096 0.145 0.013
Lower res. cap. (km3) 0.029 - - 0.105 - - 0.096 - -
Upper gen. cap. (GW) 0.722 0.883 0.138 1.435 1.449 0.156 1.546 1.773 0.183
Lower gen. cap. (GW) - - - - - - - - -
# wind turbines 1714 1907 948 3395 3390 2040 4708 4975 3653
Trans. line cap. (GW) 0.760 0.929 0.138 1.010 1.526 0.156 1.628 1.867 0.183

2.5 Conclusion

In this chapter, we present two-stage stochastic mixed-integer programming mod-

els for various PHES configurations and investigate how the choice of PHES con-

figuration impacts the sizing decisions of hybrid energy systems with solar/wind

farms. We conduct numerical experiments by utilizing the real historical data of

streamflow rates to generate the scenarios of our stochastic programming models.

Our results show that the PHES systems can significantly reduce the need for

fossil fuels in both cases of solar and wind farms. The open-loop PHES configu-

rations perform better than the other PHES configurations in terms of expected

system costs. For the open-loop PHES systems, the system cost is lowest when

the water flows only into the upper reservoir.

This chapter and its results may lead to many different studies in the future.

In order to reflect the real-life situations better, the uncertainties not only in

the streamflow rate but also in the other renewable sources might be jointly

incorporated into stochastic programming models. Such an extension will likely

require a larger number of scenarios, leading to large-scale problems that are

computationally challenging. Such problems may be solved by developing and

using decomposition-based solution techniques such as L-shaped method [29].

Future research may also consider jointly optimizing the sizing and operational
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decisions via multi-stage stochastic programming models. Lastly, future work

may look into the environmental and social aspects of the sizing and operational

decisions.
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Chapter 3

MDP Formulation for

Operational Planning of a

Decentralized Wind Farm

3.1 Introduction

For the past decades, the worldwide energy demand has grown rapidly, leading

to a significant depletion of fossil fuels for energy generation and causing a rise

in greenhouse gas emissions. There has also been a rapid transition to renewable

energy sources to address the environmental consequences of fossil-fuel based en-

ergy generation. The renewable sources include solar, wind, hydropower, biomass,

and geothermal energy, which offer sustainable alternatives to fossil fuels and help

meet the growing energy demand.

It is estimated that by 2028 the renewable energy sources will account for over

42% of global electricity generation, and the solar and wind share will double to

25% [34]. However, integrating renewable sources into energy systems can pose

reliability challenges due to their variable and intermittent nature. Although

this issue can be mitigated by adopting efficient and flexible storage systems
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[35], relying on energy storage only is not sufficient to completely solve all issues

regarding renewable energy integration. While energy storage is essential for grid

flexibility, its use is limited by high costs, variable efficiency, and technological

readiness, raising the need for additional approaches to properly address the

renewable energy integration issues [36]. Another important challenge here is

related to operational flexibility of decentralized systems that hinges on supply

and demand balancing to ensure system sufficiency and security [37]. Designing

and operating decentralized renewable energy systems optimally is a significant

task to overcome these challenges.

In a decentralized grid-connected system, energy is distributed through a main

grid to a small area such as mountain, village, or island communities, as in Das

and Balakrishnan [38], Goel and Sharma [39], and Razmjoo et al. [40]. There

is a vast literature on grid-connected systems. Basit et al. [41] give a review of

challenges associated with renewable energy systems with storage option, propos-

ing a simulation-based approach to overcome such challenges. Behabtu et al.

[42] provide a review of energy storage technologies, underlining the importance

of battery usage to deal with variability inherent in renewable energy systems.

Farivar et al. [43] also consider various technologies for energy storage, focusing

on battery storage systems and their applications. Rana et al. [44] review five

different energy storage technologies, demonstrating their advantages and dis-

advantages regarding their integration into the power grid. Hojabri et al. [45]

provide an overview of control technologies of grid-connected renewable energy

systems from a technical point of view.

The literature on decentralized grid-connected renewable energy systems with

storage can be classified into two categories: (i) design problem and (ii) opera-

tional planning problem. Most of the studies dealing with the design problem

consider investment planning and related capacity decisions for renewable energy

systems ([38], [46], [47], [48]). There is also a significant body of research that

deals with the design problem through case studies of natural islands at various

locations ([49], [50], [51], [52], [53]).

There are only several comprehensive literature reviews on operational planing
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of renewable energy systems. We refer the reader to Ammari et al. [54] and Banos

et al. [55] for detailed reviews of optimization techniques applied in this research

area. Talari et al. [56] and Psarros and Papathanassiou [57] review the literature

for stochastic modeling of renewable energy systems. Thirunavukkarasu et al. [58]

analyze various optimization methodologies and artificial intelligence techniques

for hybrid renewable energy systems. The MDP approach is yet to be stumbled

upon among the mentioned literature on operational planning of renewable energy

systems, although MDPs offer precise mathematical formulations by capturing

intricate dynamics that are present in the real-world scenarios.

Specifically, MDPs allow the decision-maker to act adaptive by making deci-

sions based on the realized outcomes of uncertainties since the future uncertainties

are resolved when the decision-maker moves forward in time [59]. Zhou et al. [60]

take an MDP approach to find an optimal policy to manage electricity surpluses

under negative prices and battery constraints. Hassler [61] develops heuristic

rules for short-term trading of a producer having the option of storage. Salas

and Powell [62] design an approximate dynamic programming algorithm and ob-

tain near-optimal control policies for grid-level energy storage. Zhou et al. [63]

consider an MDP to analyze the managerial decisions of a remote wind farm co-

operated with a grid-level storage unit. Avci et al. [64] characterize the optimal

policy structure for the energy generation and storage problem of a hybrid energy

system consisting of a wind farm and a PHES facility. Toufani et al. [16] use an

MDP framework to compare the short-term cash flows of several different PHES

configurations. In another work, Toufani et al. [17] use again an MDP framework

to study the problem of transforming an existing cascading hydropower station

into a PHES facility. Yang et al. [65] use pathwise optimization for merchant

energy production. Karakoyun et al. [59] formulate an MDP to study the energy

commitment, generation and storage problem of wind power producers.

We consider a decentralized system that is similar to the setting proposed

in [63] where the market operations of a wind farm and a battery are jointly

optimized. However, our setting involves a small community in a decentralized

grid-connected area that wishes to invest in renewable energy generation to fulfill

its local energy demand. Therefore, the priority of the system operator is demand
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fulfillment. The system operator can sell excess available energy to the market

or can purchase energy from the market. Considering wind speed, electricity

price, and demand uncertainties, we formulate the system operator’s real-time

energy generation and storage problem as an MDP. We incorporate the time se-

ries data for wind speed, electricity price, and demand available for the State

of New York into our MDP and solve the problem with backward dynamic pro-

gramming algorithm. We conduct numerical experiments by considering various

realistic configurations of our setting to look into how the capacity levels of system

components impact the operational decisions.

We contribute to the literature by considering uncertainties in all system inputs

(electricity price, wind speed, and demand) for more effective decision-making for

decentralized grid-connected renewable energy systems with demand-fulfillment

obligation and energy-storage option. We solve the operational planning problem

of the system operator to find the optimal real-time decisions in each period. The

problem is solved via hourly periods over a seven-day planning horizon, resulting

in weekly operational decisions for the system operator. With the results obtained

from this study, we offer managerial insights into both operational and design

decisions. To our knowledge, this work is the first in the literature to combine

the setting of uncertain price, wind, and demand with the MDP methodology

to solve the operational planning problem of the system operator with demand-

fulfillment obligation.

The rest of this chapter is organized as follows: Section 3.2 describes the set-

ting consisting of a wind farm and a battery and models the operational planning

problem as an MDP. Section 3.3 presents the numerical results for various com-

ponent sizes. Section 3.4 investigates the impact of several major changes in the

problem setting. Section 3.5 examines the effect of considering uncertainties in

decision-making on cash flows, and finally, Section 3.6 concludes.
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3.2 Problem Formulation

3.2.1 Problem Setting

Figure 3.1: Illustration of a decentralized grid-connected wind farm with battery.

The decentralized grid-connected energy system that we consider is illustrated in

Figure 3.1. The system operator is primarily obliged to fulfill the decentralized-

area demand. The system operator can generate energy from the wind power

plant and/or the battery installed to meet the demand. If the available energy is

insufficient to meet the demand, the system operator can purchase energy from

the market at the market price. If there is excess energy in the system, it is

possible to store energy by charging the battery or sell energy to the market to

increase revenues. We assume that these purchase/sell decisions do not affect

the market prices and that the system operator is a price-taker ([59], [63]). In

this setting, we study the energy generation and storage problem over a finite

planning horizon of T periods and denote by T := {1, 2..., T} the set of periods.

The system operator makes the following decisions in each time period upon

resolution of uncertainties in demand, electricity price, and wind speed for the

current period:

(i) How much energy to generate from the wind power plant,
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(ii) How much energy to generate from the battery by discharging it, and

(iii) How much energy to store in the battery by charging it.

3.2.2 Model Parameters

The battery possesses limited energy and power capacities. Its hourly energy

capacity is given by the maximum energy it can store and is denoted by CS.

Its power capacity is the maximum energy it can generate or store within a sin-

gle period through charging or discharging operations. The power capacities for

discharge (generation) and charge (storage) are denoted by KD and KC , respec-

tively. The hourly energy capacities for charging and discharging are denoted by

CC = KC∆t and CD = KD∆t, respectively. The term ∆t is equal to the length

of one time period. The power capacity of the transmission line is also limited

and denoted by KT . Its hourly energy capacity is denoted by CT = KT∆t. The

efficiency parameter of the transmission line is τ ∈ (0, 1]. The efficiency remains

the same in both purchasing and selling cases. The efficiency parameters of the

battery in discharging and charging cases are γ ∈ (0, 1] and θ ∈ (0, 1], respectively.

3.2.3 State Variables

There are four state variables that we consider in our MDP: The amount of

energy accumulated in the battery at the beginning of period t is denoted by

St ∈ [0, CS]. In any period t, the system operator can sell or purchase energy in

a market setting where the electricity price in either case is denoted by Pt (∈ R).
The effective wind speed in period t is denoted by Wt (∈ R+). The observed

decentralized-area demand in period t is denoted by Dt (∈ R+). Finally, our

state description involves the tuple It := (Pk,Wk, Jk)k≤t that evolves over time

according to an exogenous stochastic process. We include the spike component

Jk in tuple It following Karakoyun et al. [59]. This tuple allows us to incorporate

the time series models constructed for the random system components (i.e., price,

wind, and demand) into our MDP.
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3.2.4 Decision Variables (Actions)

After observing all state variables (Pt, Wt, Dt, St) at the beginning of period t,

the system operator determines the amount of energy to generate in the wind

farm in period t (wt ∈ R+) and the amount of energy to store or generate in the

battery (st ∈ R). The amount of wind energy that can be generated in period

t cannot exceed the function f(Wt) that is given by the total number of wind

turbines installed in the decentralized area times the energy output of a wind

turbine at wind speed Wt.

3.2.5 Transition Functions

The amount of energy accumulated in the battery changes according to the equa-

tion St+1 = St − st from period t to period t + 1. The other state variables (Pt,

Wt, Dt) are assumed to evolve over time according to different and independent

Markovian stochastic processes that are generated from the time series models.

3.2.6 Payoff Function

Assuming non-negative demand (Dt ≥ 0) and considering the conditions stated

above, the system operator can make one of the following decisions:

(i) When the battery is discharged (st ≥ 0) and the available energy is enough

to satisfy the demand (γst + wt −Dt ≥ 0), the excess energy is sold to the

market.

(ii) When the battery is discharged (st ≥ 0) and the available energy is not

enough to satisfy the demand (γst + wt −Dt < 0), the energy required to

cover the demand mismatch is purchased from the market.

(iii) When the battery is charged (st < 0) and the remaining renewable energy

is enough to satisfy the demand ( st
θ
+ wt − Dt ≥ 0), the excess energy is
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sold to the market.

(iv) When the battery is charged (st < 0) and the remaining renewable energy

is not enough to satisfy the demand ( st
θ
+wt−Dt < 0), the energy required

to cover the demand mismatch is purchased from the market.

With the above decisions, the energy sold or purchased in period t can be written

as:

E(st, wt) :=



(γst + wt −Dt)τ if st ≥ 0 and γst + wt −Dt ≥ 0

(γst + wt −Dt)/τ if st ≥ 0 and γst + wt −Dt < 0

( st
θ
+ wt −Dt)τ if st < 0 and st

θ
+ wt −Dt ≥ 0

( st
θ
+ wt −Dt)/τ if st < 0 and st

θ
+ wt −Dt < 0

Given the state variables in period t (St and It), U(St, It) denotes the set of action

pairs (st, wt) ∈ R×R+ that satisfy the constraints below:

0 ≤ wt ≤ f(Wt) (3.1)

−min{CS − St, CC} ≤ st ≤ max{St, CD} (3.2)

− τCT ≤ γst + wt −Dt ≤ CT (3.3)

− τCT ≤ st
θ
+ wt −Dt ≤ CT (3.4)

Equation 3.1 ensures that the wind energy generated in any period has an

upper bound f(Wt). Equation 3.2 demonstrates the finite energy and power ca-

pacities of the battery that limits its charging and discharging operations. Equa-

tions 3.3 and 3.4 correspond to the transmission capacity constraints. If some

energy is sold to the market, the amount of energy sold cannot exceed τCT due

to the transmission loss. However, if some energy is purchased from the market,

the amount of energy purchased cannot exceed CT . The market pays for the

purchasing cost of the energy it receives on the other end of the transmission

line, whereas the system operator pays for the purchasing cost of the energy the

market sends from the other end of the transmission line. If the available energy

in the system is not sufficient to meet the demand, the energy required to meet
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the demand must be purchased from the market. Therefore, the transmission line

capacity must be at least as high as the mismatched demand to be able to entirely

meet the demand. In an extreme case with st = wt = 0, the amount of energy

that must be purchased to fulfill the demand Dt is Dt

τ
. Therefore, we assume

that Dt

τ
≤ CT to ensure demand fulfillment. With these constraints, the payoff

function is given by the electricity price in period t multiplied by the energy sold

or purchased in period t:

R(It, st, wt) := PtE(st, wt). (3.5)

3.2.7 Objective Function

We note that U(St, It) is set of action pairs (st, wt) that are admissible in state

(St, It). We now define π as the feasible policy that is a sequence of decision rules

denoted by (ηπt (St, It))t∈T . The sequence (ηπt (St, It))t∈T maps the storage level

St to the feasible action pair ((sπt (St, It)), (w
π
t (St, It))) in each period t. We also

define Π as the set of all possible feasible policies. Hence, for any initial state

(S1, I1), the optimal expected total cash flow can be expressed as follows:

max
π∈Π

E
[∑
t∈T

R(It, s
π
t (S

π
t , It), w

π
t (S

π
t , It))

∣∣∣∣S1, I1

]
. (3.6)

The above problem can be solved via a dynamic programming recursion. Specif-

ically, the optimal profit function v∗t (St, It) for each period t ∈ T and each state

(St, It) can be calculated as follows:

v∗t (St, It) := max
(st,wt)∈U(St,It)

{R(It, st, wt) + EIt+1|It [v
∗
t+1(St+1, It+1)]}. (3.7)

We assume vT (ST , IT ) = 0 in the above recursion. Finally, we note that v∗1(S1, I1)

is the optimal expected total cash flow if the initial system state is (S1, I1).
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3.3 Numerical Experiments

3.3.1 The Experimental Setup and Data

In our experiments, we consider a setting in which the planning horizon is one-

week long. This implies that T = 168 hours. We run our experiments for the

first week of August. We assume that the transmission line efficiency is 0.97 and

the battery round-trip efficiency is 0.85 based on previous research (Zhou et al.

[63] and Karakoyun et al. [59]). For the electricity price and wind speed, we

adopt the time series models that Karakoyun et al. [59] have constructed based

on the electricity-price data available for the 2007–2019 period and the wind-

speed data available for the 2007–2012 period, both for Albany in the State of

New York. The components of the electricity-price model are seasonality (via

linear regression), mean reversion (via autoregressive model of order one), and

spike (via empirical distribution). The components of the wind-speed model are

seasonality (via linear regression with Fourier terms) and mean reversion (via

autoregressive model of order one).

For the electricity demand, we consider the data available for the 2021–2023

period for the State of New York [66]. We scale down the demand data based on

the size of our decentralized grid-connected power system to obtain realistic re-

sults. Specifically, the average, median, minimum, and maximum demand values

are reduced to 5.56 MW, 5.41 MW, 3.76 MW, and 10 MW, respectively. We then

employ the STL method introduced by Cleveland et al. [67] and embedded into

Pyhton’s STL() function under the statsmodel library. The STL() function uses

a non-parametric regression model called Locally Estimated Scatterplot Smooth-

ing (LOESS). It first estimates the seasonality component through LOESS for

each cycle. It then estimates the trend component of the deseasonalized data

again through LOESS. Residuals are computed by subtracting the seasonality

and trend components from the original data.
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Figure 3.2: Residuals and trend line for the demand data.

Figure 3.3: Histogram for the deseasonalized demand data.

Table 3.1: Deseasonalized demand values (MWh) and their occurrence probabil-
ities.

Deseasonal Demand -3.36 -2.06 -0.768 0.528 1.82 3.12

Probability 0.00095 0.02 0.39 0.55 0.03 0.0022
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Using STL() in Python, we decompose the demand data by removing the

hourly, daily and yearly seasonal components. The values of residuals after re-

moving these seasonality components are shown in Figure 3.2. Since no trend

has been observed from the residual plot, the trend component is assumed to be

insignificant. The histogram of residuals shown in Figure 3.3 follows a normal-

like distribution. We divide the residual data into six discrete levels and embed

the resulting discrete distribution into our MDP. The discrete deseasonalized de-

mand data and associated probabilities are shown in Table 3.1, and its histogram

is given in Figure 3.4. In each period t, we first compute the deseasonalized

demand value according to these probabilities and then add the previously com-

puted hourly, daily, and yearly seasonal components. Fitting the model to the

data available for the 2021–2023 period and predicting the demand for the first

six months of 2024, we obtain the plots for actual demand values versus predic-

tions that we relegate to Appendix A. We have found that the mean absolute

error (MAE) of our predictions is only 0.085 MWh.

Figure 3.4: Histogram for the discrete deseasonalized demand data.

We determine the capacity levels of system components by ensuring that all

demand is met in each period. Hence, the number of GE 1.5(MW)-77 turbines

takes values from the set {10, 15, 20}, CC = CD ∈ {5, 10} MWh, CS ∈ {50, 100}
MWh, and CT ∈ {10, 50} MWh. As noted by Karakoyun et al. [59], the negative

price frequency is 4.02%. The initial storage level S1 is the closest state to CS/2

and the initial exogenous state is the closest state to the average level ([59], [64]).
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Following the notation of Karakoyun et al. [59], I1 := (ξ1, ρ1, j1) = (5, 0, 0). We

calculate the below metrics by solving the recursion of our MDP to optimality in

each instance:

• Expected total cash flow in million dollars (TCF),

• Expected total energy purchased in MWh (EP),

• Expected total energy sold in MWh (ES),

• Expected total renewable energy generation in MWh (RG),

• Expected average battery storage level over all time periods in MWh (BL).

3.3.2 Numerical Results

The numerical results for various capacity levels of system components are given

in Table 3.2. The total demand observed in each instance is 1093 MWh and all

demand is fulfilled in each period.
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Table 3.2: Metric results for different capacity levels of system components.

CT CC=CD CS ntrb TCF EP ES RG BL

10

5

50

10 0.030 213 614 1705 26
15 0.050 91 998 2388 29
20 0.059 42 1206 2803 31

100

10 0.031 202 619 1738 47
15 0.051 73 1021 2436 53
20 0.061 33 1239 2886 59

10

50

10 0.035 301 675 1767 27
15 0.053 140 1032 2438 30
20 0.062 68 1238 2871 32

100

10 0.037 331 701 1847 52
15 0.055 137 1067 2539 56
20 0.065 55 1291 3016 60

50

5

50

10 0.035 297 634 1700 25
15 0.070 208 1280 2454 25
20 0.105 163 1968 3207 25

100

10 0.037 296 650 1733 45
15 0.072 209 1297 2486 45
20 0.107 164 1986 3239 45

10

50

10 0.043 405 708 1774 26
15 0.079 284 1321 2533 26
20 0.114 230 2001 3287 26

100

10 0.047 493 775 1889 49
15 0.082 341 1361 2646 50
20 0.118 274 2027 3400 50

Table 3.2 shows that TCF and RG increase with the transmission line capac-

ity, charge/discharge capacity, storage capacity, and number of turbines. EP and

ES increase with the charge/discharge and storage capacities. However, increas-

ing the number of turbines reduces EP but increases ES. BL increases with the

charge/discharge and storage capacities but decreases with the transmission line

capacity. Our aim in this chapter is to quantify these intuitive observations to

gain further insights into the capacity investment choices of the decision-maker.

To this end, we will highlight some important results from the table.
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Table 3.3 compares the values of TCF when the transmission line capacity or

the charge/discharge capacity is increased. The last column of the table shows

the percentage TCF improvements thanks to an increment in the transmission

line capacity when CC = CD = 10 MWh. We observe that the percentage

TCF improvement is higher when the number of turbines is larger. Table 3.3

also shows the percentage TCF improvements thanks to an increment in the

charge/discharge capacity. We observe that the percentage TCF improvement

is lower when the number of turbines is larger. With higher transmission line

and storage capacities, the percentage TCF improvement is at most 29%. We

can observe similar percentage improvements in different settings. For example,

the percentage TCF improvement is 8% in the following two settings: CS = 100

MWh and CT = 10 MWh with 15 turbines versus CS = 50 MWh and CT = 50

MWh with 20 turbines.

Table 3.3: Percentage TCF improvements when the transmission line capacity or
the charge/discharge capacity is increased.

CS ntrb

CT=10 CT=50
% impr.

(CC=CD=10)CC=CD=5 CC=CD=10 % impr. CC=CD=5 CC=CD=10 % impr.

50

10 0.030 0.035 16% 0.035 0.043 24% 25%
15 0.050 0.053 6% 0.070 0.079 12% 49%
20 0.059 0.062 5% 0.105 0.114 8% 83%

100

10 0.031 0.037 19% 0.037 0.047 29% 27%
15 0.051 0.055 8% 0.072 0.082 15% 49%
20 0.061 0.065 7% 0.107 0.118 10% 81%

Table 3.4 compares the values of TCF when the storage capacity or the number

of turbines is doubled. The impact of increasing the number of turbines is lowest

when CC = CD = 10 MWh, CS = 100 MWh, and CT = 10 MWh. Increasing the

number of turbines has a much greater impact than increasing the battery storage

capacity. The percentage TCF improvement thanks to increased storage capacity

is higher when the number of turbines is lower. The low number of turbines limits

the wind energy generation and the resulting energy scarcity makes the system

more sensitive to changes in the capacity levels of other system components.
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Table 3.4: Percentage TCF improvements when the storage capacity or the num-
ber of turbines is doubled.

CC=CD CS

CT = 10 CT = 50

ntrb = 10 ntrb = 20 % impr. ntrb = 10 ntrb = 20 % impr.

5

50 0.030 0.059 99% 0.035 0.105 201%
100 0.031 0.061 95% 0.037 0.107 192%

% impr. 5% 2% 5% 2%

10

50 0.035 0.062 79% 0.043 0.114 162%
100 0.037 0.065 75% 0.047 0.118 149%

% impr. 7% 5% 9% 3%

Figure 3.5 visualizes the preceding results and helps make further comments.

We observe that TCF increases almost linearly with the capacity levels of system

components. Figure 3.6 shows the effect of the capacity levels of system com-

ponents on ES and EP. We note from Figure 3.5 that similar TCF amounts can

be obtained in different settings. For example, having 20 turbines together with

CT = 10 MWh and CC = CD = 5 MWh yields the TCF of 0.06 m$. Having

about 14 turbines with CT = 50 MWh and CC = CD = 5 MWh also yields a

similar TCF. This implies a trade-off between the number of turbines and the

transmission line capacity. There exist similar trade-offs between all system com-

ponents. The decision-maker has many system configuration options that lead to

different operational decisions but similar TCF values. The decision-maker has

this flexibility in the system design stage thanks to the substitution effect among

different system components with respect to their capacity levels.
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Figure 3.5: TCF values for different capacity levels of system components.
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Figure 3.6: ES and EP values for different capacity levels of system components.

3.4 Further Numerical Analysis

In this section, we modify two key components of our energy system to quantify

their effects on TCF. We first consider the case with no electricity demand and

solve the energy generation and storage problem accordingly. See Subsection

3.4.1 for our results. In the absence of electricity demand, the system operator

focuses more on selling electricity to the market and exploiting energy arbitrage

opportunities. We then consider the case with no wind turbine and solve the

energy generation and storage problem for the battery. See Subsection 3.4.2 for

our results. In the absence of wind energy generation, the system operator relies

only on market operations for demand fulfillment. More detailed results are given

in Appendix B.
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3.4.1 Case with No Electricity Demand

We analyze the effect of demand-fulfillment obligation on TCF by considering

the setting in which the demand is zero throughout the planning horizon. We

remove the demand component from the system, rerun all of our experiments, and

compare our results with those of the original setting in Table 3.5. We observe

that the demand component has a greater impact in smaller-sized systems. The

TCF gain obtained by removing the demand component is 65% on average.

Table 3.5: Percentage TCF improvements when the demand component is re-
moved from the system.

CT CC=CD CS ntrb w/ demand no demand % impr.

10

5

50

10 0.030 0.066 120%
15 0.050 0.071 44%
20 0.059 0.073 23%

100

10 0.031 0.067 115%
15 0.051 0.072 41%
20 0.061 0.073 20%

10

50

10 0.035 0.069 100%
15 0.053 0.075 43%
20 0.062 0.077 24%

100

10 0.037 0.072 94%
15 0.055 0.077 39%
20 0.065 0.077 19%

50

5

50

10 0.035 0.082 136%
15 0.070 0.118 68%
20 0.105 0.153 45%

100

10 0.037 0.084 130%
15 0.072 0.119 66%
20 0.107 0.130 21%

10

50

10 0.043 0.091 110%
15 0.079 0.126 60%
20 0.114 0.161 42%

100

10 0.047 0.095 101%
15 0.082 0.130 58%
20 0.118 0.165 40%

3.4.2 Case with No Wind Generation

We next examine the impact of wind farm on TCF by comparing the two settings

in which the number of wind turbines is set to be ten and zero, respectively. See

Table 3.6 for our results. Note that we have already shown the effect of doubling

55



the number of turbines (from ten to twenty) in the previous section. The negative

TCF values in the case with no wind generation implies that the energy arbitrage

is not sufficient for system profitability since a large bulk of the energy capacity

is spent to fulfill the demand.

Table 3.6: Percentage TCF losses when the wind farm is removed from the system.

CT CC=CD CS ntrb = 10 ntrb = 0 % loss

10

5
50 0.030 -0.041 237%
100 0.031 -0.039 226%

10
50 0.035 -0.031 191%
100 0.037 -0.028 176%

50

5
50 0.035 -0.037 206%
100 0.037 -0.035 197%

10
50 0.043 -0.028 165%
100 0.047 -0.024 152%

3.5 Effect of Uncertainty

We will compare our solution approach with a deterministic one to measure the

importance of including randomness in decision-making. We consider the setting

in which the spike component of the price is ignored (but all the other random

components are included) and compute the optimal cash flows via the recursion

in Equation 3.7 for our instances in this setting. We then compute the value

of stochastic solution (VSS): We consider the above setting by ignoring all un-

certainties, replacing the random components for electricity demand, electricity

price, and wind speed with their expected values, and solving the deterministic

problem for our instances. The optimal policy for this deterministic problem is

denoted by πd. The TCF of policy πd can be calculated from the recursion in

Equation 3.7 constrained to take the actions of policy πd in each state and each

period. The TCF values of policy πd are shown in column D of Tables 3.7 and

3.8. The optimal TCF values are shown in column S of Tables 3.7 and 3.8. From

these TCF values, we compute the percentage VSS values using the formula %
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VSS = S-D
S

x 100.

Table 3.7: VSS values when CT = 10 MWh.

(a) CC = CD = 5

CS ntrb S D % VSS

50

10 0.022 0.019 14%
15 0.041 0.036 12%
20 0.050 0.044 12%

100

10 0.023 0.020 15%
15 0.042 0.036 14%
20 0.052 0.044 14%

(b) CC = CD = 10

CS ntrb S D % VSS

50

10 0.023 0.019 18%
15 0.042 0.036 14%
20 0.051 0.044 15%

100

10 0.025 0.020 20%
15 0.044 0.036 18%
20 0.054 0.044 19%

Table 3.8: VSS values when CT = 50 MWh.

(a) CC = CD = 5

CS ntrb S D % VSS

50

10 0.023 0.019 17%
15 0.054 0.050 7%
20 0.084 0.080 5%

100

10 0.025 0.020 18%
15 0.055 0.051 8%
20 0.086 0.081 5%

(b) CC = CD = 10

CS ntrb S D % VSS

50

10 0.025 0.019 23%
15 0.056 0.050 10%
20 0.086 0.080 7%

100

10 0.028 0.020 27%
15 0.059 0.051 13%
20 0.089 0.082 9%

We note from Tables 3.7 and 3.8 that the percentage VSS values range between

5% and 27%. While no significant trend exists when the transmission line capacity

is limited (CT=10 MWh), increasing the number of wind turbines reduces the

VSS value when transmission line capacity is high (CT=50 MWh). The renewable

energy scarcity makes the system more vulnerable to uncertainties and this impact

is more evident in the presence of large transmission capacity. Also, increasing the

storage capacity, the charge/discharge capacity, or the transmission line capacity

raises the VSS value. Including randomness in decision-making is clearly more

valuable in greater-sized systems.
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3.6 Conclusion

In this study, we present an MDP formulation for the operational planning prob-

lem of a decentralized grid-connected system including a wind farm and a battery

and having the primary objective of fulfilling the local electricity demand. We

model the uncertainties in electricity demand, electricity price, and wind speed to

implement them into our MDP formulation. We then solve the problem to opti-

mality for realistic instances generated by varying the parameters of system com-

ponents. We compute the optimal cash flows, amounts of energy sold/purchased,

renewable energy generation, and average battery level in our instances.

Our results imply that the substitution effect among different system compo-

nents provide flexibility in the system design choice: Different system configu-

rations may lead to similar TCF values with different operational implications.

For example, the decision-maker may consider increasing either the number of

turbines or the transmission line capacity to improve TCF. However, the av-

erage battery storage level may increase with the number of turbines but may

decrease with the transmission line capacity. We also observe that increasing the

charge/discharge and storage capacities increases the amounts of energy sold and

purchased. The impact of demand-fulfillment obligation on TCF is more signif-

icant when the system size is smaller. The absence of wind energy generation

may render the energy arbitrage gains insufficient for positive TCF. Finally, we

measure the value of including uncertainties in our problem setting, observing

that the uncertainties gain more importance under renewable energy scarcity.

The insights provided in this chapter may inspire future work on sizing deci-

sions for decentralized energy systems like ours. Future research may also consider

wind power plants that are run with pumped-hydro energy storage facilities as an

alternative storage unit to batteries. Since incorporating the streamflow rate and

reservoir water levels increase the state space of the problem, heuristic solution

methods such as deterministic re-optimization technique might be employed to

deal with the additional computational burden of the MDP formulation. In addi-

tion, the design and operational planning problems might be jointly considered in
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a more complex optimization problem that will likely require more sophisticated

solution methodologies.
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Chapter 4

Conclusion

In this thesis, I have studied the design and operational planning problems of

renewable energy systems with demand-fulfillment obligation. For the design

problem, how the choice of PHES configuration affects the sizing and investment

decisions of hybrid energy systems with solar/wind farms is investigated in Chap-

ter 2. By generating scenarios for the streamflow rate from historical data and

using the real data for the electricity demand, solar radiation, and wind speed,

two-stage stochastic mixed-integer programming models that represent the sys-

tem uncertainties are constructed. PHES systems are observed to help reduce the

mismatched demand and thus the fossil-fuel usage. These systems are also more

cost-effective than conventional hydropower systems. Open-loop PHES systems

perform better than closed-loop and seawater PHES systems. Having natural

inflow to the upper reservoir yields the lowest expected system cost for PHES

and significantly reduces the fossil-fuel usage.

Chapter 3 considers a decentralized grid-connected wind farm-battery system

with demand-fulfillment obligation. The energy generation and storage problem

is formulated as an MDP that represents the electricity price, wind speed, and

demand uncertainties via exogenous state variables. Solving the MDP with a
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backward recursion algorithm, the optimal energy generation and storage deci-

sions are obtained. Trade-offs between system components are observed: differ-

ently sized system components may yield similar expected total revenues with

different operational decisions. This substitution effect provides flexibility to the

system operator in their system design choice. The demand-fulfillment obligation

impacts the system profitability more when the system size is smaller. The ab-

sence of wind turbines would lead to negative cash flow values so that the energy

arbitrage alone cannot profitably handle the demand-fulfillment obligation. The

benefit of uncertainty modeling is greater when the renewable energy potential is

limited.

This thesis suggests several potential directions for future research. Although

the two-stage stochastic mixed-integer programming models in Chapter 2 enable

us to offer insights into the PHES-design problem, stronger conclusions may be

drawn by generating a higher number of scenarios to represent the electricity-

demand, solar-radiation, and wind-speed uncertainties and including them in

the models developed. The number of streamflow-rate scenarios may also be

increased via scenario-generation algorithms. These extensions would increase

the computational burden and may require decomposition algorithms to obtain

the solutions. Another research direction is to approach the problem setting in

Chapter 2 by leveraging the MDP methodology in Chapter 3. Since the stochastic

programming model is a scenario-based approach, the available scenarios limit

the uncertainty representation. The MDPs, on the other hand, are known to

capture the real-life uncertainties better. Considering an MDP formulation for

decentralized grid-connected PHES systems co-operated with solar/wind farms,

one would come up with an augmented state space that may again induce high

computational burden. Optimal policy structures may then be investigated to

construct heuristic solution procedures to reduce the computational burden, as

in [63] and [59].
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Appendix A

Actual versus Predicted Demand

Values

In this section, we compare the actual demand values with the predicted values.

As the actual demand data is available only for the first size months of 2024, we

use the months between January-June for our comparison. Predicted values are

computed by deseasonalizing the demand values for the period 2021-2023 and

adding back the previously computed seasonal components, for each period t.

The values on the x-axes are the hours of the year, and in each Figure A.1-A.6,

we use these hours to demonstrate periods in each month between January and

June. The predicted values seem to be representing the actual values accurately.
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Figure A.1: Actual vs predicted demand values for January.
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Figure A.2: Actual vs predicted demand values for February.
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Figure A.3: Actual vs fitted demand values for March.
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Figure A.4: Actual vs predicted demand values for April.
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Figure A.5: Actual vs predicted demand values for May.
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Figure A.6: Actual vs predicted demand values for June.
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Appendix B

Tables for Further Numerical

Analysis

We present in this section the TCF, ES, EP, RG, and BL metrics for the cases

with no electricity demand and no wind generation. Table B.1 shows that EP

values are low when there is the electricity demand is removed from the system,

meaning that energy is purchased with very low or negative electricity prices only.

Table B.2 shows the metrics for when there is no wind generation (i.e. the number

of wind turbines is set to be zero). With extremely high EP and extremely low

ES in the table, we comment that the cases with non-zero ES imply the arbitrage

effect with adequate charging/discharging capacities, although that effect is not

enough for the system to have non-negative cash flow values.
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Table B.1: Metric results for the case in which the demand component is removed
from the system.

CT CC=CD CS ntrb TCF EP ES RG BL

10

5

50

10 0.066 13 1344 1618 29
15 0.071 2 1512 1913 35
20 0.073 1 1560 1972 38

100

10 0.067 10 1386 1699 53
15 0.072 2 1531 1974 70
20 0.073 1 1562 2001 77

10

50

10 0.069 88 1344 1607 26
15 0.075 65 1512 1918 29
20 0.077 66 1555 2020 29

100

10 0.072 93 1393 1703 51
15 0.077 67 1553 2021 66
20 0.077 68 1564 2078 65

50

5

50

10 0.082 60 1470 1701 25
15 0.118 49 2191 2455 25
20 0.153 45 2917 3208 25

100

10 0.084 64 1491 1734 45
15 0.119 52 2209 2487 45
20 0.130 0 3035 3128 50

10

50

10 0.091 134 1509 1785 26
15 0.126 112 2219 2536 26
20 0.161 100 2938 3286 26

100

10 0.095 178 1537 1893 50
15 0.130 140 2231 2648 50
20 0.165 119 2941 3402 50

Table B.2: Metric results for the case in which the wind farm is removed from
the system.

CT CC=CD CS TCF EP ES RG BL

10

5
50 -0.041 1151 0 138 25
100 -0.039 1131 0 164 43

10
50 -0.031 1254 49 265 25
100 -0.028 1272 67 338 48

50

5
50 -0.037 1176 0 197 25
100 -0.035 1158 0 229 45

10
50 -0.028 1263 54 270 25
100 -0.024 1304 77 388 50
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